Just as physicists strive to develop a TOE (theory of everything), which explains and unifies the physical laws of the universe, the life-scientist wishes to uncover the TOE as it relates to cellular systems. This can only be achieved with a quantitative platform that can comprehensively deduce and relate protein structure, functional, and evolution of genomes and proteomes in a comparative fashion. Were this perfected, proper analyses would start to uncover the underlying physical laws governing the emergent behavior of biological systems and the evolutionary pressures responsible for functional innovation. In the near term, such methodology would allow the vast quantities of uncharacterized (e.g. metagenomic samples) primary amino acid sequences to be rapidly decoded. Analogous to natural products found in the Amazon, genomes of living organisms contain large numbers of proteins that would prove useful as new therapeutics for human health, energy sources, and/or waste management solutions if they could be identified and characterized. We previously theorized that phylogenetic profiles could provide a quantitative platform for obtaining unified measures of structure, function, and evolution (SF&E)(1). In the present manuscript, we present data that support this theory and demonstrates how refinements of our analysis algorithms improve the performance of phylogenetic profiles for deriving structural/functional relationships.
Introduction
The 'protein problem' has remained unsolved despite decades of research(2;3). In principle, one expects that the primary amino acid sequence of a protein determines its structure, function, and evolutionary (SF&E) characteristics. Yet, there still is no reliable method for predicting the native state structure of a protein and its function given only its sequence. Although the number of putative protein sequences of a given length is enormous, very few of these would fold rapidly and reproducibly and have useful function. In addition, inferring the evolutionary relationships among highly divergent protein sequences is a daunting task. In general, when pairwise sequence alignments between protein sequences fall below 25% identity, statistical measurements do not provide support robust enough to identify clear phylogenetic relationships, structural features, or protein function despite intensive research in this area (2;4;5) . In this manuscript, we propose our updated strategies towards solving the 'protein problem' which are: (i) simple yet powerful, (ii) broad and relate to diverse aspects of proteins, (iii) interdisciplinary, and (iv) significant for the understanding of life.
The anchor for our approach lies in the discovery that phylogenetic profiles are capable of measuring the fundamental properties of proteins. Through construction of knowledge-base profiles related for either structural or functional qualities, phylogenetic profiles provide measurements which can be used to simultaneously infer evolutionary distances, create functional models, and identify structural components of protein sequences from any organism (6) (7) (8) . Indeed, our recent publications and ongoing research demonstrate that SF&E information obtained from phylogenetic profiles are exceptionally informative to our laboratory experiments at multiple scales (e.g. whole protein, single protein domain, and single amino acid)(1;9-13). We have used these analyses: (i) to reconstruct evolutionary histories(1;9), (ii) to identify functions in domains of unknown function (1;11;12;14-16) , (iii) to classify structural homologues of high sequence divergence(1)(Hong et al, Physics Archives November 2009), and (iv) to inform our biochemical experimentation by isolating key amino acids important to protein function (10-12;15) .
The power behind our phylogenetic profiles is derived from the Position-Specific Scoring Matrices (PSSMs, i.e. profile), which contain a frequency table for substitutions that occur in related sequences; PSSMs are a powerful measure of homology (17) (18) (19) . Indeed, it is well-established that PSSMs contain more information than individual sequences. We take advantage of the increased information content of PSSMs and quantify their alignments within a phylogenetic profile. Under this paradigm, a protein is defined as a vector where each entry quantifies the alignments of a query sequence with a PSSM.
Our strategy is designed to amplify and encode the pair-wise alignments possible for any given query sequence in a standardized manner (see Figure 1 and Hong et al Physics Archives 2009 for full descriptions). The output of these comparisons is a composite [product] score of either zero [when there is no significant match] or a positive value [which measures the degree of successful matching of the protein sequence to each of the PSSMs]. This procedure can be readily adapted to make an unbiased comparison between a series of query sequences by subjecting them to the same screening analysis with the same set of PSSMs. Thus, each query sequence is represented in a vector of non-negative numbers in M dimensions (M= # of PSSMs tested). Importantly, M dimensions can also be derived from standardized measures of structural and chemical features of the query sequence. Further power in using phylogenetic profiles as a framework for data encoding comes from the interoperability of the data matrix itself. For example, phylogenetic profile data spaces can be analyzed using a variety of distance measurements, clustering algorithms, and information visualization algorithms, to name a few. We propose that it is this ability to compare the results obtained from multiple algorithms using the same NXM data space that empowers protein-based phylogenetic profiles.
Our strategy is unlike most other computational approaches which generally focus on structure, function, or evolution individually. Based on our recent advances, we have determined that phylogenetic profiles provide a robust and unified framework to decode SF&E information of protein sequences. Using this paradigm we theorize that: (i) functional and evolutionary measurements can quantitatively inform structural modeling to derive accurate atomic resolution structures; (ii) structural and functional measurements can inform evolutionary histories to derive accurate evolutionary rates, deep-branch relationships, and homologous regions within each protein; and (iii) structural and evolutionary measures can provide information as to the location of functionalities and/or regulatoryelements contained within any protein. Should this theory be true, the speed at which biological processes and signaling networks would be decoded would be significantly increased. In addition, it would drastically improve our ability to pinpoint functional targets for currently intractable problems such as developing mutation resistant pharmacophore therapeutics, predicting functional mutations that may allow for cross-species viral infections, and identifying the functional consequences of disease-causing polymorphisms in humans. Perhaps most importantly, phylogenetic profiles perform in the "twilight zone" of sequence similarity(1;9). Therefore, this approach can be harnessed to decode the most challenging protein datasets, and be scaled up to screen proteomes and the vast quantities of sequences being obtained from metagenomic and other large scale sequencing projects. In the present manuscript, we report our recent advances in deriving useful measurements using phylogenetic profiles and improving our analysis of these datasets.
Results

Theories on Structure/Function
One of the major challenges in the genomic era is annotating function to the vast quantities of sequence information now available. Indeed, most of the protein sequence database lacks comprehensive annotation, even when experimental evidence exists. Further, within structurally resolved and functionally annotated protein domains, additional functionalities contained in these domains are not apparent. To add further complication, small changes in the amino-acid sequence can lead to profound changes in both structure and function, underscoring the need for rapid and reliable methods to analyze these types of data. Indeed, most proteins when queried using popular algorithms for identifying protein function (e.g. NCBI CDD, Pfam, SMART, InterProscan) return few, if any, results that are statistically significant (20) (21) (22) (23) . In an attempt to overcome these limitations, we have utilized phylogenetic profiles, and have had some remarkable results. We have been successful in identifying fundamental protein interactions (e.g. protein-nucleic acid, protein-lipid, protein-protein, protein-small molecule) (1;10-15) . Throughout this work, we have made a number of predictions such as: (i) PSSMs of related function can contain "homology" even if they represent different structures, (ii) PSSMs libraries generated using specific folds can accurately identify homologous folds, (iii) PSSM libraries generated for a specific activity can accurately identify homologous functions in proteins of diverse structure, as well as differentiating activity within a specific fold, and (iv) single-amino acid phylogenetic profiles can obtain quantitative functional thresholds.
These theories are supported by our analysis of RNA-binding proteins (RBPs). RNAs in a cell generally have many functions such as (i) a carrier of genetic information, (ii) a catalyst of biochemical reactions, (iii) an adapter molecule in protein synthesis, and (iv) a regulator of RNA splicing and maintenance of the telomeres or chromosome ends. If we are to identify the all the functions of any specific RNA, we need to understand the functions of their binding proteins as they can control post-transcriptional processes such as pre-mRNA processing, splicing, and translation, and likely regulate RNA-enzymatic activity (e.g. dicer). However, Since RNA structures are varied; the structures of RBPs that interact with RNA are diverse. Indeed, the known RBPs can be classified into six families by their basic binding motifs (24) , and as a group RBPs have wildly different structures. In fact, even within the same RBP family, the RNA interaction site within the structure need not be conserved (24) . To compound these problems, not all members of a particular foldspecific group bind to RNA. Taken together, it is difficult to identify RBPs either computationally or biochemically.
Multiple computational algorithms have been developed to attack these questions. Examples include support vector machine learning (SVM) and Hidden Markov Models (HMM) (25;26) . Although these methods have utility, they suffer in divergent datasets, as well as in correctly characterizing the nucleotide substrate (e.g. DNA vs RNA). Based on our previous studies on lipid-binding, it is reasonable to consider that specific PSSM libraries can be constructed for these attributes. To test this hypothesis, we constructed RBP-specific PSSM libraries and quantified the performance of phylogenetic profiles for the characterization of multiple benchmark data sets of RBPs (see Methods for complete description). In total, our results provide substantial evidence that PSSM libraries can be used to obtain quantitative thresholds for RBPs and other nucleic acid-protein interactions. Further, we propose that this strategy can be implemented to obtain refined measurements for any protein function.
Structural/Functional Data
Our first training set consists of 55 RNA-recognition Motifs (RRM) domain-containing sequences and negative sequences; all of which were curated from the yeast database and the Protein Databank (PDB). Generally, RRM domains are ~90 amino acids long and are composed of four beta-sheets packed against two alpha-helices. These motifs are often found in tandem within protein sequences and are known to bind a variable number (2-8) of RNA molecules (27) . In addition, this motif also appears in a few single stranded DNA-binding proteins, and can also facilitate protein-protein interactions instead of nucleotides (24;28) . Due to the vast literature on this class of proteins, RRMs provide an excellent model system for testing our hypotheses. Importantly, all of the negative sequences were biochemically demonstrated not to bind nucleic acids (29) . All datasets, raw data, FASTA files for sequences and scripts used in the manuscript are available upon request. Figure 1 depicts the strategy we employed. Initially, we collect master sequences from a biological database. In this case, master sequences were identified from the non-redundant NCBI database using PSI-BLAST queried with known RRM domains (e-value ≤ 1X10 -2 ). Next, we generate PSSM profiles from these master sequences (see Methods). Following, query sequences are aligned using GDDA-BLAST as previously described (1;9). In brief, query sequences are modified by adding a standard sequence length from a PSSM ("seed"), which creates a consistent initiation site for alignments (see Methods for complete description). "Seeds" in this study are generated from profiles by taking a 10% of the profile sequence from the N-terminus and C-terminus of the PSSM. Query sequences are then aligned with the parent PSSMs using reverse position specific-BLAST (rps-BLAST). From these data, % identity and % coverage are used for alignment filtering. Alignments above threshold are used to calculate normalized scores for all residues in the query sequence, the average scores of each query, and norms of the average scores on the basis of the positive alignments (for a complete description see Methods). Following, false positive sequences can be filtered by thresholds derived from the norms (average scores) for all queries. All scripts, PSSM libraries, and sequence FASTA files used in this study are available upon request.
Characterizing single-fold RBPs:
Figure 1A (inset) depicts the structure of an atypical (truncated) RRM domain from yeast SET1 protein, a histone methyltransferase. Popular domain-prediction algorithms such as NCBI Conserved Domain Database (CDD) and Interproscan do not detect this RRM domain within SET1 at statistically significant thresholds (data not shown). When we analyzed SET1 using Gestalt Domain Detection Algorithm Basic Local Alignment Tool (GDDA-BLAST) to generate phylogenetic profiles (1;9) with 100 RRM-specific PSSMs, we observe that these profiles align in SET1 and correspond to the position of the RRM domain ( Figure 1A , see Methods). Thus, these PSSM profiles are sensitive enough to detect this highly divergent RRM domain. Figure 2A shows that the sequences in the training dataset are completely separated into positive and negative groups. The minimum score of the positive group is ~224 and the maximum score for the negative group is ~127. Using the same library of PSSMs, we then performed the same analysis on a testing set. The testing set consists of 20 RRM containing sequences and 135 negative sequences. We achieve 100% accuracy in this testing set using the threshold derived from our training set ( Figure  2B-C To extend upon these findings, we performed similar analyses for additional classes of single-fold RBPs. These include KH1, double-stranded RNA, and zinc fingers (24) . The results from these experiments are provided in Figure 3C -D. We observe that phylogenetic profiles have 100% accuracy for all single-fold RBPs tested. In comparison, Interproscan performs similarly to phylogenetic profiles while SVM-PROT performs poorly in all of these datasets.
Characterizing RBPs containing multiple folds:
In order to comprehensively catalogue RBPs, methods are needed that can account for both characterized and uncharacterized folds. Four major classes of RBPs contain multiple folds for their respective target (24) . These include mRNA, tRNA, rRNA, and snRNA. For these classes, we created PSSM libraries for the diverse folds that can accommodate these interactions. The results from our testing set are presented in Figure 4 . We achieve 100% accuracy in these datasets. Comparatively, SVM-PROT performs poorly in all data sets. We could not compare the performance of Interproscan for predicting RNAbinding function as it does not model the functionality per se; rather it provides fold-specific information.
In 2008, Shazman et al. demonstrated that SVM methods could be improved by incorporating electrostatic surface patch information into their analyses (31) . Hence, this RBP study provides an excellent benchmark dataset, as well as another algorithm with which to compare our performance. Initially, our preliminary experiment using this testing set was performed with fold-specific PSSMs; however, these fold-specific PSSMs were insensitive in this dataset. We wondered whether our results could be improved by merely increasing the number of PSSMs in our library. To accomplish this task, we searched the PROSITE database for the key-word "RNA-binding" (32) . The results from this search were then manually confirmed to ensure the specificity of these sequences. Importantly, the structure of these sequences was not taken into account for inclusion in the PSSM library. Following, additional sequences were identified by statistically significant sequence similarity and PSSMs were generated from the non-redundant NCBI database using PSI-BLAST (see Methods) (17) .
Using this expanded functional library (2695 PSSMs), we then analyzed a training set containing 100 single-stranded RBPs and 127 negative sequences ( Figure 5A-B) . Under these conditions, we see a clear separation of positive and negative sequences. In our testing dataset, which is comprised of 37 positive and 118 negative sequences from the Shazman et al study (31) , we achieve 100% specificity, 96.8% accuracy, and 86.5% sensitivity. In comparison, these authors reported 90% specificity, 88% accuracy, and 80% sensitivity ( Figure 5C ). Thus, with the expanded PSSM library, our results rival those previously obtained.
Under the same paradigm, we generated additional PSSMs for double-stranded RNAbinding (dsRNA), singlestranded DNA-binding (ssDNA), and doublestranded DNA binding (dsDNA) (Figure 6 ). We then compared our results to those from the Shazman et al study (31) for the classification of ssRNA and dsDNAbinding domains. These authors obtained 50% specificity, 51% accuracy, and 53% sensitivity within this dataset. Our results using either the ssRNA or dsDNA PSSM libraries are much improved: 97%/83% specificity, 91%/80% accuracy, and 86%/76% sensitivity, respectively. We also compared our results in additional testing sets curated from PROSITE (32), for proper classification of dsRNA vs. dsDNA, ssRNA vs. ssDNA, and ssRNA vs. dsDNA ( Figure 6B ). Although attempted, Shazman et al concluded that further refinement of their method was needed to accomplish these more difficult comparisons (31) . Conversely, we obtain robust measurements for these comparisons (Figure 6 ), in particular for dsRNA binding, where we achieve 100% accuracy.
As a final comparison to the Shazman et al study (31) , we investigated whether phylogenetic profiles could accurately discriminate between RRM domains that bind RNA and those that don't. Using electrostatic patches, they were able to accurately segregate these types of RRM domains with 100% accuracy. In our first attempt ( Figure 7A ), we could not segregate these RRM domains using our ssRNA PSSM library where RRM profiles were removed. To overcome this limitation, we designed a new residue-based phylogenetic profile ( Figure 7B ). This phylogenetic profile employs a residue distribution matrix developed by Bock et al (33) . The matrix is composed of the frequency of the 20 amino acids comprising the protein, as well as 3 descriptors of chemical features. The 3 descriptors represent global composition of specific chemical groups, and consist of composition, transition, and distribution. The composition (C) is the number of amino acids within a particular group divided by total number of amino acid in all chemical groups. Transition (T) is the frequency of transition from one chemical group to another chemical group in a sequence. Distribution (D) is the chain length within the first, 25%, 50%, 75% and 100% of the amino acid in a specific chemical group (33) . Following, we cluster the sequences using Hierarchical clustering and Pearson's correlation. The results from this experiment are presented in Figure 7C . Using this method, we observe a clear segregation of RNA-binding RRMs from non RNA-binding RRMs with excellent statistical support.
Theories on Structural Homology Detection
It has been proposed that the number of distinct native state folds is extremely limited (34) . This suggests that with accurate measurements of homology, inferences of structure from primary amino acid sequences are possible. Indeed, significant advances have been made in this arena with tools such as Rosetta, PHYRE, and MUSTANG (35) (36) (37) . In addition, algorithms which create structural predictions using physical laws and constraints also exist (e.g. ZAM, M-TASSER) (38;39) . Although effective, all of these algorithms suffer from either computational constraints in predicting secondary structure (38;39) and/or barriers in homology detection (40;41) . We theorize that a computational pipeline could be developed using phylogenetic profiles for rapid homology detection and secondary structure annotation. Once derived, this information could inform 3D prediction algorithms to improve their performance. To this end, we have initiated multiple lines of research to identify structural homology using benchmark structural datasets such SABmark, Balibase, and SCOP(42-44).
Homology Detection
As shown in Figure 8 , phylogenetic profiles are capable of identifying homologous folds in sequences containing less than 25% identity. In this performance evaluation, we analyzed 534 proteins representing 61 SCOP folds from the Sabmark "twilight" dataset (42) with phylogenetic profiles. These results were compared to other benchmark methods using Receiver Operating Characteristics curve analysis. ROC curve shows the sensitivity (i.e. True Positive Pairs(TP)/(TP+False Negative Pairs(FN)) of each method at different false positive rates (i.e. 1 -TN/(TN+False Positive Pairs)). As the ROC curve of a given method is closer to left-top corner of the graph, the method is considered more accurate. To calculate sensitivity at different false positive rate, given a query, top-K sequences with highest correlation or smallest e-value/p-value are considered to be returned as related by each method, as increasing K (see Methods for complete description).
Our results are very promising. Our preliminary data demonstrates that phylogenetic profiles generated using embedded alignment data generated using GDDA-BLAST (1) outperform all algorithms tested (Figure 8 ). These algorithms include SAMT2K, Prof Sim, and FFAS, with the latter considered to be the current "gold-standard" algorithm (45) (46) (47) . Our performance on this dataset one year ago seemed to be at the "glass ceiling" as FFAS (red), GDDA-BLAST (magenta), SAMT2K (not shown), and Prof Sim (not shown) all had relatively comparable performance in this dataset (29%, 27%, 23%, and 20% sensitivity at false-positive rate<0.01, respectively).
We speculated that our performance could be improved by either optimizing our PSSM libraries and/or modification of our scoring schemes. To address the former, we created fold-specific libraries using representative sequences for each fold that do not appear in our testing set. After collecting representative sequences, we generated PSSMs from these sequences or their homologues using PSI-BLAST (17) . Homologues of representative sequences were obtained using PSI-BLAST and the NCBI NR database. Each sequence is searched in the NCBI NR database using PSI-BLAST (e=1X10-6, 6 iterations). The homologous sequences obtained from this search are then converted PSSMs using PSI-BLAST. Following, redundancy is removed. Using this process, we obtained a total of 36,146 PSSMs for the 61 folds in our testing set. To test whether fold-specific
PSSMs have improved utility, we altered how we encoded them into the phylogenetic profile. Specifically, using our previous multi-fold PSSM libraries, each PSSM represented a unique M for each query N. For our foldspecific PSSM libraries, each M represents the total score for the alignments obtained for each PSSM library. Thus for this experiment, the M dimension is equal to the number of unique fold libraries (M=61).
In this study, we also tested different scoring schemes/conditions for GDDA-BLAST. The first is a hybrid log-weighted Pearson's correlation value. In this Log Weighted scoring scheme, three phylogenetic profiles are generated for each sequence with three different scores, such as hit, coverage, and identity, separately. Since a PSSM is likely to have no significant information to measure sequences if the profile is positive with many sequences, each hit, coverage, and identity score for each profile in a phylogenetic profile is adjusted by the frequency that the profile is positive on 534 sequences so that the scores of the profile has less weight when the correlation between two sequences is calculated. For example, the adjusted hit score of the original hit score h between a query and a profile x becomes
where α is # of sequences which the profile x is positive and N is the total number of sequences to compare (N=534 in our test set). Pearson's correlation between two sequences is calculated as multiplying Pearson's correlation of each different score of phylogenetic profiles of the sequences.
In our fold-specific hybrid scoring scheme, we calculate hits, %coverage, and %identity for each fold group by summing up each hits, %coverage, identity for each PSSM in the same fold group, then divide each sum by # of positive PSSMs in the group. Following, as for the Log Weighted scoring scheme, Pearson's correlation between two queries is calculated by multiplying Pearson's correlation of each different score of phylogenetic profiles of the queries.
The improvements to our PSSM libraries and scoring schemes were successful for improving our performance. Our best results are achieved using the Hybrid Log Weighted scoring scheme with a 60% coverage threshold (Figure 8 cyan), although this is negligibly better than a 40% coverage threshold (Figure 8 yellow) . Importantly, our performance is ~11% better than FFAS (29% accuracy vs. GDDA-BLAST 40% sensitivity at false-positive rate of 0.01).
Conclusions
Although simple to ask, questions related to protein structure/function are often difficult to answer. Nevertheless, if these parameters could be accurately measured, our understanding of biological systems would be dramatically enhanced. One could envision a future where angstrom level structural models, comprehensive functional annotation, and precise evolutionary rates of proteins can all be achieved computationally from a single dataset. In this study, we determined that phylogenetic profiles provide a robust quantitative measurement of RNA-binding function as well as homology detection in the "twilight zone" of sequence similarity. These conclusions are supported by a number of experiments that demonstrate our ability to: (i) detect highly-divergent RBPs, (ii) discriminate between closely related targets (e.g. dsRNA vs. dsDNA), (iii) differentiate between classical RBP folds that bind RNA and those that don't, and (iv) outperform existing algorithms on the Sabmark "twilight-zone" dataset. Moreover, all of these results were obtained using only primary amino acid sequences, and in some cases their chemical features.
In our previous lipid-binding studies using phylogenetic profiles, we did not have numerical thresholds which could be used to threshold positive and negative results (1;13). Thus, these results were all confirmed experimentally (1;10;12;14;15). We chose to develop our quantitative thresholds using nucleotide binding as a benchmark function as they are comprised of well characterized yet diverse structural folds having a variety of ligand specificity (24;31;48) . Our results demonstrate that construction of PSSMs that represent specific folds and/or activities can be used to generate accurate and sensitive phylogenetic profiles. Indeed, fold-specific PSSMs libraries can accurately identify homologous folds (Figure 3 and 8) . Similarly, function-specific PSSMs libraries can accurately identify homologous functions in proteins of diverse structure ( Figure 6 ). In addition, when these phylogenetic profiles are informed by amino acid physio-chemical properties (33) , they are capable of differentiating activity within a specific fold (e.g. RRM) (Figure 7B-C) .
Similar to accurately assigning nucleotide-binding function, identifying related structures of high divergence is also challenging with current technology. Indeed, there appears to be a "glass ceiling" in benchmark datasets, such as the Sabmark, whereby the most sensitive algorithms have only 25-30% sensitivity at statistical limits (false positive rate =0.01). Using our current measurements, phylogenetic profiles have started to break through the "glass ceiling" (~40% sensitivity at statistical limits). It is tantalizing to consider that optimization of our scoring schemes and PSSM libraries could detect even more distantly related structural homologues. Were this possible, approaches such as ours could inform state-of-the-art tertiary modeling programs. These programs often cannot perform structural modeling due, in large part, to rate-limiting calculations of secondary structure and/or lack of sensitivity for detecting homologous folds with high sequence divergence.
An implication that is emerging from our studies is that PSSMs derived from structurally distinct but functionally conserved sequences contain "functional homology" that can be measured. This functional homology may be due to the energetic properties necessary to support various proteinligand interactions. Indeed, studies from Chen and Lim (49) demonstrate that the energetic features of DNA-and RNA-binding sites are distinct from each other, yet still maintain some global similarities. In our lipid-binding studies, our PSSM library was comprised of numerous folds for a variety of lipidspecificities (e.g. ENTH, C2, PH, FYVE, etc) (1). While diverse, these PSSMs have a propensity to align in similar regions which bind lipids as demonstrated by us and others (10;50-52) . Similarly, PSSM libraries constructed from structurally diverse RBDs are specific for variety RNA-binding functions (e.g. mRNA, tRNA, snRNA, etc) ( Figure 4 ). These results imply that this is a general phenomenon and suggests that there are conserved functional motifs that can exist in multiple structural contexts.
Since PSSM libraries can quantitatively relate divergent structures, it is reasonable to consider that these same libraries could identify novel RBDs in folds which have yet to be characterized. An analogous and relevant example is the TRP_2 domain, a conserved domain contained in all canonical transient receptor potential channels (TRPCs). We demonstrated that this domain is detected by lipid-binding PSSMs which do not contain this fold, and that TRP_2 domains bind lipid (10) . Further, upon identification of novel folds, they can be incorporated into the PSSM library, iteratively improving it.
Should this be true, a powerful PSSM library could be generated for any function with a sufficient knowledgebase (e.g. kinase, phosphatase, ATP-binding, GTP-binding, etc); however, a single domain of known function is sufficient to create a sensitive PSSM library (e.g. KH, RRM, zincfinger, etc). This approach could be used to annotate the vast numbers of DUF-containing proteins (domains of unknown function) and sequences containing no annotation. The fold-specific results in this manuscript and our ongoing studies strongly suggest that fold-function specific PSSMs provide the most sensitive/specific libraries (see Hong et al Physics Archives, Noveber 2009). Thus, as new structures/functions are identified, fold-function specific PSSM libraries can be generated using PSI-BLAST (17).
In conclusion, we propose that future work aimed at creating comprehensive and refined PSSM libraries. In order to accomplish this goal requires taking control of the established PSSM databases (e.g. CDD, Pfam, SMART, etc) by re-annotating them with standardized and experimentally validated ontology. Further, refining our methods for generating PSSM libraries has the potential to exponentially increase the structural/functional annotation of all classes of proteins across taxa. Such an advance would have broad impacts on human health and disease, as well as basic science endeavors.
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Methods
Collection of master sequences and generation of PSSMs
To generate PSSMs for functional or structural-specific folds, we first collected master sequences from the NCBI NR database and the literature. All sequences were either structurally resolved or were experimentally validated for the desired function. All PSSM master sequences used in this study are available upon request.
Preparation of function or structure-specific PSSM set
To generate the PSSM set for a specific protein function or structure fold, we first collected protein sequences which are known to be related to the function or structure of our interest. For the PSSM set, we generated PSSMs with the collected sequences or the sequences expanded from the collected sequences using PSI-BLAST. For expansion, each collected sequence is searched against NCBI NR database by PSI-BLAST (with the option of -e 1X10 -3 -h 1X10 -6 ). Among the returned sequences, we filtered out the sequences whose pairwise identity to the query sequence is more than 90% and redundant sequences in the set. And, for PSSM generation for those expanded sequences, PSI-BLAST (with the option of -h 1X10 -6 ) was used again. All PSSM sets, which have been used for our test, will be provided upon request.
Datasets for our experiments contain sets of RBPs and non-nucleotide binding proteins (NNBPs). The sets of RBPs consist of specific (single-fold) RBP and target-based (multi-fold) RBP groups. Sets of single-fold RBPs were constructed using RNA binding motif as defined in Chen et al [3] . Based on these definitions, proteins were searched by key words (e.g. RNA-binding, DNAbinding, nucleotide-binding, etc) in NCBI and PROSITE protein databases, and manually verified for each class. Sets of multi-fold RBPs were built for mRNA-, tRNA-, rRNA-, and snRNA-binding proteins. Sequences for each class were collected by keyword searches and manually verified. The NNBPs dataset was obtained from Stawiski et al. [13] . The RBP and DBP datasets used in Figure 7 were obtained from Shazman et al [2] . All datasets and sequences are available upon request. 
Phylogenetic profile
Calculation of scores
Theoretically, a protein should align best with PSSMs of similar fold and/or function. Based on this hypothesis, we have developed a scoring scheme to calculate a residue score which represents the occurrence of identical and positive residues from each query-PSSM alignment above threshold. Raw scores for each residue are calculated by scoring a value=2 for identities and value=1 for positive substitutions from each alignment. These values are then summed for all alignments at each position to obtain a total residue score. Following, these scores are normalized using the series of equations shown below. Equation (1) finds highly conserved residues whose score is above the average residue score in the sequence. Equation (2) recalculates the average score of these residues as a representative score for each sequence. Equation (3) calculates the norms of average scores to reduce the effect of the length. This data can be used to obtain thresholds with positive and negative training sets. The positive threshold is the minimum score from the positive group and the negative threshold is the maximal score from the negative group. where NS residue = The normalized score of a residue, SC raw = The raw score of a residue, SUM total score = The sum of total query score, LEN query = The query length, ASC query = The average query score, SUM PNS = The sum of positive normalized scores NR residue = The number of residues with positive scores NORM average score = The norm of an average score AS query = The average query score
Residue Distribution Matrix
Using the amino acid positions as defined by GDDA-BLAST, we incorporated the residue distribution matrix developed by Bock et al (33) . This matrix measures the chemical characteristics of a protein based on its primary amino acid sequence. The results obtained from this matrix are then included in our NXM phylogenetic profiles. Briefly, domain boundaries are calculated for each query from the overlapping PSSM alignments as previously described (1;15). Following, amino-acid positions are isolated using Equations 1-3 (see calculation of scores). Equation (4) calculates the amino acid frequency of all residues obtained from equation (3) . We then calculate the composition (C), transition (T), and distribution (D) of amino acids in their physio-chemical groups. The composition (C) is the number of amino acids with a particular group (i.e. hydrophobic, positively and negatively charged residues) divided by total number of amino acid in all chemical groups. The transition (T) is the frequency of transition from one chemical group to another chemical group in the sequence. The distribution (D) is the chain length within the first, 25%, 50%, 75% and 100% of the amino acid for a specific chemical group [9] . Therefore, our matrix is composed of 20 features of the frequency, 3 composition features, 1 transition feature, and 15 distribution features. These matrices are then clustered in the N-dimension by hierarchical clustering using Pearson's correlation.
(4)
Statistical Analysis
Using discriminative measurements [19, 20] , we assayed the performance of all algorithms used in the study for sensitivity, specificity, and accuracy. Abbreviations: true positives (TP), true negatives (TN), false positives (FP) and false negatives (FN). All p-values in this study were derived using Student Ttest, with error bars reflecting the standard deviation of the dataset.
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